Abstract
Introduction 2 Descriptions of the models

47
The simulations described here are intended to be used to assist the student in developing an 48 understanding of the relationship between genome, phenotype, and organismal fitness. Rather 49 than attempting to closely emulate a biological system, we have developed four simple mod-50 els similar to the introductory models described in De Jong's "Evolutionary Computation" 51 (De Jong, 2006) . The source code for the models is freely available under the GNU GPL at 52 https://gitlab.com/dtho/genfi-nl.
53
EV algorithm on fitness landscape L1 (EV-L1)
54
The EV-L1 model employs a slightly modified version of the EV algorithm, a simple algorithm 55 for modeling changes in a population over time (De Jong, 2006) . The simulation begins with a 56 population of organisms, each with a genome composed of a single chromosome which holds a 57 single mutable value, a real number between -100 and 100. Fitness is defined using the fitness 4. Compare the fitness associated with the newly-formed child organism with that of the 67 parent organism and remove the least fit organism from the population.
68
Organisms are visualized on a two-dimensional grid (Fig. 2) . The position of the organism 69 on the x axis corresponds to the value of that organism's chromosome. The strip across the 70 bottom of the main window is a simple one-dimensional heat map showing the relationship 71 between chromosome value and fitness (where a lighter shade corresponds to greater fitness).
72
The y coordinate of an organism has no significance; organisms are represented at different y 73 coordinates simply to facilitate visualization. With a simple genetic algorithm (GA), a population of chromosomes, each encoding a candidate 77 solution, is subjected to evaluation by a fitness function. A chromosome which represents a 78 better solution is more likely to be retained in the system. Genetic variability is introduced In the NetLogo model, each chromosome resides in an organism (in NetLogo jargon, a 88 'turtle'). At birth (when a child turtle is generated), each residue of the genome of the newly-89 hatched turtle is potentially acted on by the mutation operator. The probability, for each residue, 90 of mutation can be varied via the user interface using the slider control associated with the 91 RESIDUE-MUTATION-RATE value. A value of 100 corresponds to a probability of 1 (certainty) 92 that a residue will be acted on by the mutation operator; a value of 0 corresponds to a probability 93 of 0 that a residue will be acted on by the mutation operator.
94
The fitness landscape L2a (Fig. 3) is described by the fitness function F = ph 2 1 +ph 2 2 where 95 ph 1 is equal to the value of res 1 and ph 2 is equal to the value of res 2 .
96
The relationship between genome and fitness can be readily visualized using the NetLogo 97 user interface. Organisms are visualized on a two-dimensional grid (Fig. 4) . The x-and y- Apart from the composition of each genome and the mutation operator, the GA-L2a-bit model
103
is essentially identical to the GA-L2a-float model.
104
Here, each genome is composed of a single chromosome containing 10 mutable residues,
105
each assuming a value of either zero or one. The residues behave as two 5-bit words. Each 
111
The fitness landscape L2a ( shade corresponds to greater fitness).
119
If, in the NetLogo user interface, the switch control associated with VISUALIZE-P is set 120 to 'On', the visualization is altered in several ways. Turtles in the two "generations" under provides the ability to visualize the consequence of each mutation event as it occurs, providing 126 the student with a tool for step-wise analysis of the simulation. The 'GA-L4-float' model employs a simple GA with a population where each organism has a 130 simple 'genome' composed of a single chromosome. Each chromosome is composed of two
131
"residues", res 1 and res 2 , each a floating point number. The genome experiences mutation via 132 a mutation operator which samples from a continuous Gaussian distribution.
133
GA-L4a-float is distinguished primarily by a fitness landscape with multiple fitness optima.
134
Organismal fitness is defined by the fitness function F = sin(1. for use as an educational tool (Wilensky, 1999; Sklar, 2007; Wilensky and Rand, 2015) .
149
The simulations we describe are intended to be used as tools within the context of a larger, to underlying rules acting at the level of individual "actors".
156
The simplest of the models, EV-L1, utilizes a chromosome composed of a single mutable 157 value and a smooth fitness landscape with a single fitness maximum and two fitness minima (Fig.   158 1). Given the simple ±1 mutation operator and the smooth landscape, the behavior of the system 159 is straightforward, with the average fitness increasing uniformly toward the maximum fitness as operator. One might extend a learning exercise incorporating these models by asking the stu-176 dent to characterize the relationship between the definition of the operator and the probability of
177
"escaping" suboptimal maxima. Alternatively, one might ask the student to investigate whether 178 mutation plays a similar role in biological systems.
changes in the genomic sequence. An astute student familiar with the process of translation will 189 likely note that position sensitivity is also a hallmark of the biological genetic code. One ped-190 agogical extension would be to ask the student whether particular encoding systems might be 191 more or less "desirable" in biological systems or in the application of GAs for problem-solving.
192
The NetLogo interfaces for both the GA-L2a-float and GA-L2a-bit models use nearly iden- landscapes or Kauffman's NK model (Kauffman, 1993; Gavrilets, 1997; Gavrilets and Gravner, 206 1997).
207
The GA-L4 model introduces a fitness landscape with multiple fitness optima. As the model ability to "escape" local optima.
214
None of the models described here incorporate any explicit notion of an environment. One ronment from these models also offers the opportunity for the student to compare and constrast 218 these models with the "real world" of biology. A learning goal of the larger curricular structure 219 should include the arrival of the undergraduate student at the recognition that fitness is, directly, 220 a function of phenotype and environment and, only indirectly, a function of genomic sequence.
221
In an advanced course, one might pursue further the discussion of the complexity of mapping 222 from genotype to phenotype with readings from the literature or other activities.
223
Since natural evolutionary processes tend to occur over time scales which are intractable 224 for analysis in the laboratory component of a typical undergraduate course, computer-based 225 simulations offer potential utility as educational tools for students studying evolutionary theory.
226
The simple models described here are student-accessible and potentially of some utility across 227 disciplines. The models do not purport to simulate anything even closely resembling a evolution The NetLogo world for EV-L1 after 15 ticks. In a single representative simulation, the EV-L1 model, using default parameters, was allowed to proceed for 15 ticks. The image is a view of the NetLogo world at that point in the simulation. The GA-L2a-float simulation was repeatedly allowed to run to completion, using the default values of the simulation. Representative views of the outcomes of such simulations are shown, in one case yielding a population trapped at a suboptimal solution (right) and, in another case, yielding a population at the optimal solution (left). : Fitness distributions associated with the GA-L2a-float simulation and of the GA-L2a-bit simulation. In a single representative simulation, each model was allowed to proceed through 1500 births using the default parameters for the model. For each model, the distribution of individual fitness values of 500 organisms (those from 1001 to 1500 births) is represented with a boxplot.
